The growth of kidney diseases has gradually increased in recent years. Ultrasound imaging provides the internal structure of the body to detect eventually diseases or abnormal tissues non-invasively. Segmentation of required region in ultrasound images is one of the challenging tasks. The proposed method focuses on classification of medical ultrasound images of kidney as cystic and polycystic types. Segmentation is performed using gradient vector force (GVF) snakes. Before segmentation, speckle noise is removed using Gaussian filter and contrast is enhanced. We have segmented normal, cystic and polycystic kidney ultrasound images effectively using GVF snakes. We have also carried out segmentation using morphological operations which requires a user intervention during the process of segmentation. Geometrical features are used with k-NN for classifying medical US images of kidney as normal, single cystic and polycystic types for segmented regions .The proposed method has applications in analysis of organ morphology and realising quantitative measurements.
images. They have discussed different methods for US image segmentation of echocardiography, breast US, intravascular ultrasound (IVUS), transrectal ultrasound (TRUS) images, US images in obstetrics and gynecology. Segmented images have many applications such as diagnosis, planning of treatment, study of organ structure. Many segmentation methods have been proposed in the literature but, most of them are not yielding good results. So, accurate segmentation and identification of polycystic kidney US images is a challenging task.
This paper is organised into four sections. Section 2 discusses methodology used. Section 3 discusses about experimental results in detail. Section 4 represents the conclusion.
Methodology
In this paper, we have proposed the segmentation and classification of medical US image of kidney into normal, single cystic and polycystic kidney image. The various views like transverse view and longitudinal view of US kidney images are considered for the study. The image set consists of normal, single cystic and polycystic US kidney images. Figure 1 shows the methodology of proposed algorithm. 
Speckle noise removal and image enhancement
Medical US images have many virtues but have some shortcomings such as noise. The speckle noise is generated during image acquisition due to existence of background tissues and other influences as body fat and breathing motion. Bamber and Daft (1986) inform that the speckle may adversely affect the detection of lesion, approximately by a factor of eight. Speckle results into poorer resolution of an US images compared to other medical imaging modalities. Speckle noise is of multiplicative nature. This noise is an inherent property of medical US images. Because of speckle noise, image contrast gets reduced. Therefore it is essential to despeckle and enhance the contrast of kidney medical US images without affecting important features of the image. The Gaussian low-pass filter is more effective in speckle noise removal. It attenuates the frequencies which are away from image centre. So, Gaussian filter is used for despeckling of US kidney images. Despeckled images are contrast enhanced further to improve the image quality. Contrast enhancement is performed using histogram equalisation prior to segmentation.
Segmentation
Traditional snake model or active contour model is one of the segmentation method effectively used in computer vision for determining object boundary from images (Cohen and Cohen, 1990) . It is a deformable model. It performs well with noisy images such as US images. A snake is an energy minimising function. This deformable spline is affected by deforming constraint such as external forces of image that deforms it towards object contours and internal forces of image inhibit deformation. Snakes are not enough to find contours in images. They need the knowledge of the desired contour and also require interaction with a user to mention initial contour. This method is more effective in segmenting the kidney region (Cohen and Cohen, 1990) ignoring missing boundary information as sometimes boundary is not visible or identifiable clearly in case of US images.
The traditional snakes have some advantages in segmenting the region of interest (ROI) such as • they search for the minimum state autonomously and adaptively
• external image forces and internal forces can control the snake deformation.
But, the traditional snakes also have shortcomings such as their sensitiveness to local minima states and accuracy of segmentation depends on the convergence policy (Cohen and Cohen, 1990) . This model fails in converging to a narrow boundary. The gradient vector flow (GVF) snake model effectively addresses both of these issues.
GVF snake model
The GVF field grows towards the contour of an object boundary when the field is very near to the boundary, but varies smoothly over homogeneous image regions, extending to the image border. GVF field can capture a snake from a long range and can force it into concave regions. We start defining an edge map f(x, y) derived from the image I(x, y) having the property that it is larger near the image edges using GVF external force E ext as in equation (1).
In general, the field ∇f has vectors pointing toward the edges, but it has a narrow capture range. Furthermore, in homogeneous regions, I(x, y) is constant, ∇f is zero, and therefore no information about nearby or distant edges is available. GVF is an external force vector field represented as (u(x, y), v(x, y) ). The GVF is constructed by diffusing the edge force and is achieved by minimising the energy functional which is given by equation (2) ( )
where is a smoothing term of field (u, v) . Balances the weight of first and second terms, the subscripts indicate directional partial derivatives. This can be obtained by using Euler equations (3), (4).
∇ 2 is the Laplacian operator. The Laplacian operator can be solved through iteration towards a steady-state value using equations (5), (6). 
This result replaces the default external force used in active contour by GVF force. We have applied gradient vector force method for segmentation of kidney region in medical US images of kidney. It is necessary to specify initial parameter for the deforming balloon. After the deformation, initialised balloon will fit in to actual boundary of the object. The steps involved in the proposed method are shown in Algorithm 1.
Algorithm 1 Segmentation using GVF method
Input: Medical US image of kidney. Output: Segmented region of kidney.
Start
Step 1 Read medical US image of kidney.
Step 2 Find the histogram equalised image of input image I.
Step 3 Computation of the edge map f = 1 -I / 255.
Step 4 Apply Gaussian filter.
Step 5 Mention the initial the parameters, for deforming the balloon.
Step 6 Interpolation of the snake for the detection of boundary.
Step 7 After deformation, the balloon will be properly fitted into the boundary. Stop.
Accuracy of segmentation is more with GVF model. Human kidneys are bean shaped. GVF model deforms for concave shapes and more suitable for bean shaped kidney segmentation in medical US image.
Morphological operations based segmentation
A new approach for segmentation of US kidney images using morphological operations is proposed. Mathematical morphology can be used as a tool for extracting image components such as region boundaries. We have used morphological operations to segment the kidney from US images. Two important morphological operations that we have used are morphological opening and closing. Opening is used to smooth the contour of an object. It also eliminates the thin protrusions in the image. Closing also smoothes the object contour but fuses narrow breaks, eliminates holes and helpful in filling gaps in the contour (Sonka et al., 2013) . The morphological opening of I by structuring element Q is given by I ○ Q and is defined as
where indicates erosion and ⊕ indicates dilation. Closing of I by structuring element Q is defined as
Erosion leads to shrinking of objects, i.e., image details smaller than structuring elements are filtered out from the image (Sonka et al., 2013) . Let E be a Euclidean space or an integer grid, and I is a binary image in E. Erosion of I by structuring element Q is the set of all points z such that Q, translated by z, is contained in I. It is given in equation (9) { }
where Qz is the translation of Q by the vector z. Dilation thickens the object contour. Thickening is controlled by structuring element. Dilation is based on reflecting Q about its origin and shifting this reflection by q. It is expressed as in equation (10) 
We have used morphological operations for segmentation of cystic kidney region from medical US image. Morphological operations can effectively segment the cystic portions of kidney in the US image and hence applied on single cystic and polycystic kidney US images. Speckle noise removal is performed using Gaussian filter. Image contrast enhancement is carried out using histogram equalisation technique. Then we have applied morphological opening that smoothes the contour of object and eliminate unwanted thin protrusions in the kidney US image. Further, clear border operation is carried out. It suppresses structures that are lighter than their surroundings and that are connected to the image border. It uses morphological reconstruction where input image is the mask image. Marker image is zero everywhere except along the border and at border it equals the mask image. The segmented region is further used to find out, number of cysts and their area in mm. The size and number of cysts is one of the useful information used by medical experts in diagnosis and treatment of renal disorders. The steps involved in the segmentation are shown in Algorithm 2.
Algorithm 2 Segmentation using morphological operation Input: Medical US image of single/poly cystic kidney.
Output: Segmented region of single cyst or multiple cysts.
Start
Step 1 Read the medical US image of kidney.
Step 2 Despeckle using Gaussian filter
Step 3 Find the histogram equalised image of despeckled image.
Step 4 Conversion of preprocessed image to binary image.
Step 5 Apply morphological opening on binary image.
Step 6 Perform clear border operation using morphological reconstruction to get segmented result.
Step 7 Find and display number of cysts using number of connected components and area of cysts.
Stop.
Feature extraction
Feature extraction is one of the major steps used on segmented images to perform classification. The geometrical features on the binary regions of segmented portions obtained from GVF method and morphological operations based method separately. Geometrical features are the features based on geometric shape and size of the objects. Main aim of geometric feature extraction is to recognise geometric properties of the kidney cysts in US images. The kidney cysts are oval shaped fluid filled structures, which resemble the ellipse/circular. Geometric features appear to be more suitable than texture features as the segmented regions of kidney (particularly cystic region) are similar in texture but of varying sizes. The features used are minor axis length, extent, ratio, circularity, centroid, tortoucity and compactness. The longest chord of regions is called major axis length and the chord perpendicular to major axis length is called minor axis length. Compactness of a region is defined as the ratio of square of perimeter to the area of the region. Area is number of pixels inside the region. Remaining features are calculated by equations (11) to (14).
Tortoucity (Tr) major axis length / perimeter = ( 1 1 ) Circularity (Cr) (4 *3.142 * Area) perimeter
Extent pixels in the region / pixels in the total bounding box = ( 1 4 )
The geometrical features corresponding to training images are calculated and stored as multidimensional feature vector.
Classification
The k-nearest neighbors (or k-NN) algorithm is a non-parametric method of classification. The input consists of k closest training samples in the feature space. In k-NN classification, the output is a class membership. An object is classified by considering a majority vote of its neighbours, with the object being assigned to the most common class among its k nearest neighbours (k is a small positive integer). The object is assigned to the class of single nearest neighbour.
• Training phase: The training phase consists only of storing the feature vectors and class labels of the training samples. The training samples are vectors in a multidimensional feature space, each with a class label.
• Testing phase: In the classification phase, k is a user-defined constant, and an unlabeled vector containing an image to be tested. It is classified by assigning the label to the most frequent among the k training samples nearest to the image. We have used k value as 1 for classification of medical US images of kidney.
We have used k-NN classifier. The classifier uses k nearest training patterns to the unknown patterns, and is assigned to the class based on majority vote. In other words, it assigns to the most frequent in the k nearest training patterns. There is no explicit training phase in k-NN. The training is very minimal and faster. It makes use of entire training feature set during testing phase. The output of the classifier is a class membership. The geometrical features extracted from the segmented image are used as input for classification. The k-NN classifier classifies the input image as normal, cystic or polycystic kidney image in case of GVF segmented images. Two classes namely, single cystic and polycystic are identified by the k-NN classifier for morphological operations based segmented images.
Experimental results
The experimentation is carried out on medical US images of kidney. The implementation is carried out on the Intel core i5 system with 4 GB RAM, 2.50 GHz processor and using MATLAB 7.11 software. The image sets consist of normal, cystic and polycystic kidney US images. The image dataset D1 of US kidney images is prepared in consultation with radiologist and urologist for present study of classification of kidney images. The US images are captured from US machine with 3.5 MHz transducer. All the images are of varying size and in jpeg format. D1 contains eight images. Some more images are collected from publically available websites (http://www.ultrasoundimages.com; http://www.sonoworld.com) and named as D2. Dataset D2 contains 48 US images of kidney. The experimentation is carried out on whole dataset of 56 images. It includes 24 normal, 19 cystic and 13 polycystic US kidney images altogether. The sample medical US images of normal kidney image in longitudinal view, normal kidney image in transverse view, single cystic and polycystic kidney images are shown in Figure 2 For normal kidney US image, boundary limit usually varies from 50 to 180 pixels. For single cystic image containing small cyst, the boundary limit can be as small as 5 pixels but, usually it ranges between 30 pixels to 100 pixels. For polycystic kidney US image, boundary limit varies from 60 to 280 pixels.
The Table 1 . Geometrical features namely, minor axis length, extent, ratio, circularity, centroid, tortoucity and compactness are calculated for segmented regions and used for classification. The segmented images of both the methods are classified using k-NN. The k-NN does not require explicit training. But, the testing phase of k-NN needs sample feature vectors with class labels as reference. It also requires a user-defined constant k.
Euclidean distance with k = 1 is found as more suitable. The k-NN does not use the training data points to do any generalisation or classification. There is no explicit training phase or it is very minimal. The training phase is pretty fast. All the training data is needed during the testing phase. This is in contrast to other techniques like support vector machine (SVM) where training can discard all non support vectors without any problem. But, k-NN makes decision during testing based on the entire training dataset. Hence, k-NN is used for classification of kidney medical US images. Comparison of classification accuracies of GVF snake method and morphological operation-based segmentation method are shown in Figure 8 . From the graph shown in Figure 8 , it is clear that the segmentation and classification is more accurate for clinical dataset D1, as the images in D1 are of better quality comparatively. The false acceptance rate (FAR) and false rejection rate (FRR) for both the datasets D1 and D2 applied on GVF segmented images are shown in Table 2 . FAR and FRR for both the datasets D1 and D2 applied on morphological operations based segmented images are shown in Table 3 . For segmented images of both the methods, FAR and FRR is less for clinical dataset D1. Overall classification accuracies obtained for both the methods on combined dataset D1 and D2 are tabulated in Table 4 . From Table 4 , it is found that morphological operations based segmentation method is more suitable for segmentation of single cystic medical US images of kidney as it does not require any parameters to be specified by the user. But, percentage of accuracy for polycystic kidney US images is better by GVF snake method. The proposed method is compared with the methods available in the literature. In (Akkasaligar and Biradar, 2014) , polycystic kidney images are not taken as separate category. Classification is carried out on manually cropped images. There is no segmentation of ROI. They have used texture and GLCM texture features for classification, but the proposed method uses geometrical features. The rate of classification accuracy is improved in the proposed method. Most of the methods available in the literature have implemented segmentation alone. In our method, we have carried out classification after segmentation. The method (Huang et al., 2013) has segmented kidney regions only. We evaluated our method by experimenting both on real (clinical) dataset and downloaded dataset from internet. The results on the segmentation and classification of kidney medical US images are promising and show that proposed method segments and classifies kidney US images accurately and efficiently compared to the method discussed in Huang et al. (2013) .
Conclusions
In this paper, two methods namely, GVF snake and morphological operations based segmentation methods are discussed. The proposed method has three distinct phases: pre-processing, candidate region extraction and classification. Pre-processing deals with speckle noise removal and artefacts with low contrast image. Prior to the segmentation, speckle noise removal using Gaussian filter and enhancement of image quality is carried out using histogram equalisation. The GVF snake method used for segmentation effectively segments the US images of normal, single-cystic and polycystic kidneys. But it needs little user intervention for specifying initial contour. Another method based on morphological operations is completely automatic. We have also determined number of cysts and their sizes. But, morphological operations based method segments only single and polycystic kidney US images. Geometrical features are extracted from segmented images and effectively used by k-NN for classification. In our study, we have also compared classification accuracies of both the segmentation methods. It is found that, morphological operations based segmentation performs better in segmenting single-cystic medical US kidney images and it segments cystic kidney US images without user intervention. The rate of classification accuracy for polycystic kidney US images is better in GVF snakes method. The experimental results demonstrate the efficiency of the system. The system can be used further for many clinical applications and image analysis by medical experts.
